Abstract.-Current methods to identify recombination between subtypes of human immunode ciency virus 1 (HIV-1) fall into a sequential testing trap, in which signi cance is assessed conditional on parental representative sequences and crossover points (COPs) that maximize the same test statistic. We overcame this shortfall by testing for recombination while inferring parental heritage and COPs using an extended Bayesian multiple change-point model. The model assumes that aligned molecular sequence data consist of an unknown number of contiguous segments that may support alternative topologies or varying evolutionary pressures. We allowed for heterogeneity in the substitution process and speci cally tested for intersubtype recombination using Bayes factors. We also developed a new class of priors to assess signi cance across a wide range of support for recombination in the data. We applied our method to three putative gag gene recombinants. HIV-1 isolate RW024 decisively supported recombination with an inferred parental heritage of AD and a COP 95% Bayesian credible interval of (1152, 1178) using the HXB2 numbering scheme. HIV-1 isolate VI557 barely supported recombination. HIV-1 isolate RF decisively rejected recombination as expected, given that the sequence is commonly used as a reference sequence for subtype B. We employed scaled regeneration quantile plots to assess convergence and found this approach convenient to use even for our variable dimensional model parameter space. [Bayes factor; MCMC; multiple change-point model; phylogenetics.] 
Along with high mutation rates, recombination between genetic variants of human immunode ciency virus 1 (HIV-1) contributes signi cantly to the diversity of the virus (Kuwata et al., 1997) . Some putative recombinants may be important vectors in HIV-1 epidemics (Liitsola et al., 1998; Vicente et al., 2000) . The effects of recombination may also play an important role in vaccine development (Smith et al., 1998) and the evolution of drug resistance (Kellam and Larder, 1995; Yusa et al., 1997) .
The dimeric genome of HIV-1 and the tendency of its reverse transcriptase (RT) to jump between RNA strands during transcription provide the necessary ingredients for recombination (Hu and Temin, 1990; Temin, 1991) . When a host cell is infected with two or more different viruses, two distinct genomes may be copackaged into the nascent virus. During replication in the next host cell, RT can jump between the strands of the heterodimer to produce a recombinant genome. The progeny viruses of this second host cell are homodimeric recombinants.
Statistical methods exist that can be used to attempt to identify recombination between HIV-1 subtypes. HIV-1 subtypes are historical classi cations of sequences based on geographic and phylogenetic analysis (Robertson et al., 1999) . In general, these identi cation methods reconstruct the evolutionary history of the putative recombinant and a pool of HIV-1 subtype consensus sequences using aligned molecular sequence data and various models of evolutionary change. Recombination can cause different portions of the data to support alternative topologies within the history (Li et al., 1988) . The crossover point (COP) is the position along the sequences where RT jumped from one parental strand to another. During reconstruction, a COP induces a partition of the data that is often identi ed by a change in the most probable topology. In each of these partitions, we adopted the subtype of the nearest topological neighbor or "brother" sequence to the putative recombinant sequence as its parental subtype.
To identify parental subtypes for a putative recombinant using a priori information regarding the COPs, Hein (1993) proposed examining changes in the topology producing 715 the most parsimonious description of the data along the sequences. Robertson et al. (1995a Robertson et al. ( , 1995b ) used parsimony to examine only sites in the data that give direct information about topology and then located COPs by maximizing a Â 2 statistic (Maynard Smith, 1992) . Salminen et al. (1995) introduce bootscanning, a sliding window technique that determines the optimal topology for multiple overlapping fragments of the aligned sequences. The optimal topology can be reconstructed using any phylogenetic reconstruction method, and bootscanning returns both parental subtypes and COPs. These previous approaches fall into a sequential testing trap, by rst using the data to determine optimal COPs and parental subtypes and then using the same data to assess signi cance conditional on the optimal solution. Further, these methods fail to provide any measure of uncertainty regarding the inferred COPs and the parental subtypes.
Bayesian inference makes statements concerning the posterior distribution of unknown parameters given the observed data via Bayes theorem. Direct conditioning on the observed data leads to easily interpretable summaries of the data. This feature distinguishes Bayesian inference from frequentist (e.g., maximum likelihood) inference that conditions instead on the model. In Bayesian inference, multiple models may be characterized by parameters taking on speci c ranges of values. Different models can be compared using Bayes factors, the ratio of the posterior probability of one model to that of another (the posterior odds) divided by the ratio of the prior probabilities (the prior odds). The Bayes factor is a measure of the change in support for one model versus another given the data. The Bayesian approach is particularly attractive because it allows simultaneous inference of recombination, COPs, and parental representatives, avoiding the sequential testing trap. The Bayesian approach also facilitates tting of complex evolutionary models and seamlessly accommodates the multiple alternative hypotheses and tests inherent in these analyses. Bayesian inference explicitly permits incorporation of known information via prior probabilities. In our application, we used primarily uninformative priors that re ected our lack of knowledge about the true state of nature. Sensitivity to the prior assumptions can be assessed, and informative priors can be substituted when warranted.
To simultaneously infer parental subtypes and COPs for a putative recombinant using aligned molecular sequence data, we extended the Bayesian multiple change-point model described by Suchard et al. (2002) to allow for more than four taxa. We also derived a new class of priors that quanti ed our prior understanding of recombination. Allowing for more than four taxa enabled us to infer parental subtypes from a large pool of potential subtypes. The new class of priors helped us overcome the computational burden of estimating posterior probabilities of extremely unlikely models and allowed us to develop a general Bayes factor test to assess the likelihood of recombination in the possible presence of regional heterogeneity in the substitution process. We illustrated our methodology using three HIV-1 data sets.
MODELS WITH UNCERTAINTY
IN RECOMBINATION Data set Y consists of N C 1 aligned DNA or RNA sequences, where one of these sequences X comes from the putative recombinant and the remaining N sequences come from P potential parental representative sequences or consensus sequences of potential parental subtypes. The sequence alignment has length L including alignment gaps.
Multiple Change-Point Model
Following Suchard et al. (2002) , the Bayesian multiple change-point model assumes that there exists an unknown number K 2 (1, 2, : : : , L) nonoverlapping segments [» k¡1 , » k ¡ 1] along the sequences that start at and stop before change-points
The likelihood of observing a given nucleotide pattern at a site within segment k is a function of the unknown evolutionary topology ¿ k and evolutionary parameters ® k and ¹ k . Conditional on the segment partitions and parameters, the nucleotide sites are independent and identically multinomially distributed (iid).
The multinomial probability is determined assuming a standard continuous time Markov chain (CTMC) model, in particular the HKY model for nucleotide mutation (Hasegawa et al., 1985) , where we have integrated out the branch lengths along ¿ k using a conjugate prior with hyperparameter ¹ k and set the stationary distribution of the in nitesimal rate matrix equal to the observed nucleotide frequencies in Y. Other CTMC models can easily be substituted for the HKY model if desired. The remaining parameters relate to the transition:transversion ratio, ® k , and expected average branch length,
where · is the transition:transversion instantaneous rate ratio of Yang (1995b) . Because misspeci cation of the CTMC model may lead to inaccurate inference regarding the relationship of sequences (Yang, 1995a) , setting ® k D ® and ¹ k D ¹ in all segments could also lead to inaccurate assignment of parental heritage. Further, the multiple change-point framework allows the CTMC model and branch lengths as expressed through ¹ k to vary from segment to segment even when there is no change in topology. This approach allows examination of regional heterogeneity in the substitution process even when no recombination is suspected.
Here, we assume the evolutionary relationship between the N potential parental subtypes is known and equals ¿ P . Therefore, ¿ k for each segment k equals one of the 2N ¡ 3 possible topologies formed by adding X as nearest neighbor to any node in ¿ P . A recombination event involving any ancestor of X can cause different segments in Y to support alternative topologies (Li et al., 1988) , whereas varying evolutionary pressures along the sequences create variability in the parameters ® k and ¹ k from segment to segment.
Priors
Following previous Bayesian multiple change-point models (Green, 1995; DiMatteo et al., 2000) , we assume that the number of change-points K ¡ 1 is Poisson(¸) distributed, truncated to K · L with density
where
is the normalization constant for the distribution and¸is approximately the prior expected number of change-points. In our ex-
Parameters ® k and ¹ k are a priori independent with prior densities
and (Suchard et al., 2002) . The lower bound of 2 results because we x » 0 to be the rst site in the aligned sequences. Suchard et al. (2002) assumed that ¿ k are also a priori independent across segments and uniform over all possible topologies. This choice leads to a large prior probability of recombination as¸or the number of possible topologies increase and, as such, does not provide a realistic prior for testing for the presence of recombination when simultaneously inferring parental heritage from a large pool of potential parental representative sequences. Alternatively, we propose a Markov prior on ¿ D (¿ 1 , ¿ 2 , : : : , ¿ K ) that allows us to vary the a priori probability w that two adjacent segments share the same topology. Following the Markovian property of the prior,
We assume ¿ 1 is equally likely to be any of the 2N ¡ 3 possible topologies. With probability w, ¿ k D ¿ k¡1 for k D 2, 3, : : : , K . Likewise, with probability 1 ¡ w, ¿ k 6 D ¿ k¡1 and is equally likely to be any of the remaining 2N ¡ 4 topologies. Given K , this prior has density
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uses the indicator function 1f¢g to count the number of adjacent topology pairs that are equal. Fixing w D 1=(2N ¡ 3) returns the a priori independent prior assumed by Suchard et al. (2002) .
Fitting the Model
We draw posterior samples from the model using reversible jump Markov chain Monte Carlo (rjMCMC) (Green, 1995) . We employ the transition kernels developed by Suchard et al. (2002) with one exception. When proposing a new topology ¿ ¤ for the addition of a new segment in a rjMCMC birth step, we set ¿ ¤ equal to the current topology for the dissected segment ¿ k with probability w. Otherwise, we draw ¿ ¤ uniformly from all other possible topologies. The proposal has density
where b D 1f¿ ¤ D ¿ k g and is conjugate to q (¿ j K , w), simplifying computational calculations.
Convergence
Assessing convergence to the model posterior for rjMCMC methods is dif cult because the size of the parameter space is variable (Brooks and Guidici, 1999) , and much work is needed in developing such diagnostics. Keeping this caveat in mind, we assess the performance of our MCMC sampler in regard to its ability to estimate our primary measure, the posterior probability of recombination, using scaled regeneration quantile (SRQ) plots. Mykland et al. (1995) introduced SRQ plots to assess MCMC performance based on Markov chain regeneration times. Regeneration times T i occur each time a Markov chain returns to the same arbitrary state Z, where i D 1, 2, : : : , M and indexes the reccurrences of Z over the entire chain. Suppose the Markov chain rst visits state Z at chain step x and last visits Z at chain step y, then T 1 D x and T M D y. The portions of the chain between two consecutive regeneration times T i and T i C1 are iid and are referred to as tours. Li et al. (2000) offered that tours need not be completely iid to use SRQ plots to assess performance. Li et al. (2000) also measured regeneration times for marginal parameters in the chain. For instance, they assessed the performance of their sampler to estimate the posterior probability of a particular topology by rst determining at which steps in the Markov chain their sampler returned to that topology. Following Mykland et al. (1995) , Li et al. (2000) then rescaled these regeneration times to T i =T M and plotted them against the rescaled chain steps i=M.
We identi ed the regeneration times T i of chain states that support recombination and used the SRQ plot to compare local to global estimates of the posterior probability of recombination. The slope in a SRQ plot of the line segment between i=M and j=M for 0 < i =M < j=M < 1 is the ratio of the posterior probability estimate based on the entire chain to the estimate based on the chain between tours i and j . Substantial deviation from one implies that the chain is not long enough to produce stable estimates (Mykland et al., 1995; Li et al., 2000) .
BAYES FACTORS IN FAVOR
OF RECOMBINATION We propose here a general test for recombination using Bayes factors (Kass and Raftery, 1995) . A Bayes factor is the ratio of the posterior to prior odds of one model in favor of an alternative and can also be written as the ratio of the marginal likelihoods of the two competing models. Let RC designate a model in which X is a recombinant. In terms of our statistical model parameterization, RC implies ¿ k 6 D ¿ k¡1 for at least one value of k 2 (2, 3, : : : , K ). Alternatively, let RC designate the complement model in which X is not a recombinant or, equivalently, ¿ k D ¿ k¡1 for all k.
Let p(¢ j Y, w,¸) be a posterior probability given w and¸, and let q (¢ j w,¸) be the equivalent induced prior probability, then the Bayes factor in favor of recombination
Bayes factors are notoriously dif cult to estimate (Weiss, 1996; Johnson, 2000) because, for example, the relative SE of estimation of p(RC j Y, w,¸) or p(RC j Y, w,¸) is approximately 100% when all but one draw from a posterior sample favor one model over the other (Weiss et al., 1999) . In these situations, generating posterior samples long enough to reduce Monte Carlo error can become computationally prohibitive. We have outlined our method for estimating Bayes factors in favor of recombination. We estimated the posterior p(RC j Y, w,¸) using w and¸that were speci cally chosen to both incorporate prior information and reduce the relative SE in estimation. We then divided this estimate by the prior q (RC j w,¸) calculated in the next section.
Prior Probability of Recombination
The Bayes factor test requires calculation of q (RC j w,¸). Given this expression, we can estimate the posterior probability of recombination for a variety of different prior probabilities. The choice of q (RC j w,¸) can depend on the extent of prior information or on computational demands. For example, with no prior information regarding recombination, we may want to choose (w,¸) D (w 1 ,¸1) such that q ( RC j w 1 ,¸1) D 1=2. However, such a choice may prohibit accurate estimation of the posterior odds when p(RC j Y, w 1 ,¸1) or p(RC j Y, w 1 ,¸1) falls close to zero. In these situations, Carlin and Chib (1995) recommended choosing a prior on models such that the posterior probability is close to 1/2. They also demonstrated that when the parameters of a given model do not depend on the prior probability placed on the model itself, the Bayes factor is invariant to model prior choice. In our framework, this invariance does not necessarily hold, because we de ned the prior probability of recombination through the priors assumed on the parameters K and ¿ . As a result, estimates of the Bayes factor may be sensitive to our prior choice. We hypothesized that the effect of possible sensitivity is much less than the Monte Carlo error inherent in estimating extreme posterior odds. We examined the magnitude of this sensitivity to make sure our prior choices did not change our inference regarding recombination.
Following the suggestion of Carlin and Chib (1995), we estimated p (RC j Y, w 1 ,¸1) by rst determining the Bayes factor in favor of recombination using values of
Beginning with the priors assumed on K and ¿ , we calculated q (RC j w,¸) using a conditioning argument q( RC j w,¸)
for large L. The quantity (1 ¡ w)¸can be viewed as the a priori expected number of COPs, change points that result in a topology change. Likewise, w¸can be viewed as the a priori expected number of change points where there is no change in topology but possible regional heterogeneity. Figure 1 is FIGURE 1. Relationships among the prior odds of recombination, the prior probability w that two adjacent topologies are equal, and the prior expected number of change points¸. a plot of the prior odds in favor of recombination as a function of weight w for several choices of¸. Sensitivity of the prior odds to changes in¸for a xed w is dramatic. We suggest choosing¸based on the number of gene products in the sample data, because they may be evolving under different evolutionary constraints and recombination may be more likely between genes (Suchard et al., 2002) . With the goal of keeping the prior odds of recombination reasonable even when¸is thought to be large, we suggest tailoring the choice of w to¸to produce the required priors odds, e.g., 1, when an uninformative prior is sought.
Posterior Probability of Recombination
Our method allows estimation of the Bayes factor in favor of recombination from a single posterior sample. The approach estimates p(RC j Y, w,¸) by reporting the frequency of draws from the sample in which recombination is observed. Let
be the marginal indicator function of recombination from a posterior draw µ , then assuming a posterior sample µ (i ) of length i D 1, 2, : : : , T , let
We substitute the estimateÁ w,¸f or the true posterior p(RC j Y, w,¸) in Equation (8) to estimate B RC, RC .
INFERRING PARENTAL SUBTYPES AND COPS
From a posterior sample, we inferred the most probable heritage of X for each site in the data by determining the most probable topology at that site. The most probable parental subtype of X at each site is the nearest topological neighbor to X in the most probable topology. We identi ed recombination locations and obtained measures of uncertainty on these locations by identifying regions along the sequences where the most probable parental subtype changed. For each identi ed region, we rst conditioned the posterior sample on the existence of any change point » k that induces a change in topologies within a liberal range surrounding the region. Such conditioning does not require that the same change point » k for some xed k be present, only that » k for any k be near the region. We then summarized the posterior of each COP using the posterior median of the conditional change points and the 95% Bayesian credible interval (BCI) as the posterior 95% coverage of the conditional change points. This approach does not use the data twice; rather, it simultaneously provides summary statistics of the posterior distributions of the COPs, given their existence, while testing whether they exist at all using a Bayes factor.
EXAMPLES
We employed the extended Bayesian multiple change-point model presented here to simultaneously infer the parental subtypes and COPs while estimating Bayes factors in favor of recombination for three putative recombinant HIV-1 sequences.
Pool of Potential Parental Subtypes
We selected the pool of potential parental subtypes from the 1999 HIV-1 subtype consensus sequences available from the Los Alamos HIV Sequence Database (http://hivwww.lanl.org). We excluded from the pool subtype E, because most researchers suspect all E sequences are recombinants. Because our current model assumes that a single xed topology applies to all taxa in the pool, allowing recombinant parental subtypes violates this assumption. Future work will focus on relaxing the single xed topology constraint. The remaining eight consensus sequences, subtypes A, B, C, D, F, G, H, and J, became the pool.
We set the topology relating the taxa in the pool, ¿ P , to equal that given by Robertson et al. (1999) for the gag gene, because this is the genome segment we examined in our examples. Figure 2 displays ¿ P . The branch lengths in the gure were xed to equal lengths for display purposes but were free to vary in our model.
Putative Recombinants
We applied our methodology to three examples from the HIV-1 literature. For the rst two cases, we have strong prior evidence regarding recombination status of the test sequences, and for the third case, evidence is mixed. Our alignments are via our website (http://www . biomath.medsch.ucla.edu / msuchard/datasets.html).
Our rst example consists of a portion of the gag gene sequenced from HIV-1 isolate RW024 (GenBank accession number U86548). Cornelissen et al. (1996) used bootstrapped neighbor joining to identify this sequence portion as a recombinant with a parental heritage of AD. Further analysis using bias-corrected accelerated bootstrapping ) assigned a P value of <0.0001 to the proposed recombinant structure. After removing any sites in the alignment where the alignment contained only missing or ambiguous nucleotides, the data set consists of 729 nucleotides. Using the HXB2 numbering scheme (Korber et al., 1998) , the alignment starts at site 859 and ends at site 1587.
The second example involves the same 729-nucleotide segment of the gag gene, but the nonrecombinant sequence taken from HIV-1 isolate RF (M17451) was examined. Strain RF comes from a patient of Haitian descent, is among the rst HIV isolates ever identi ed, and is commonly used as a reference sequence for subtype B (Starcich et al., 1986; Reitz et al., 1992) .
The last example looks at the entire gag gene sequenced from HIV-1 isolate VI557 (L11793). The alignment, excluding sites with only missing or ambiguous nucleotides, is 1480 nucleotides long and contains the portion of the genome examined in the two previous examples. Using the HXB2 numbering scheme, the alignment starts at site 790 and ends at site 2263. VI557 is reported to be a recombinant, with ambiguous support (Siepel and Korber, 1995) .
Phylogenetic Pro les
For all three examples, we employed our model to estimate the phylogenetic proles of the sequences assuming a noninformative prior probability of recombination q (RC j w,¸) D 1=2. For the RW024 and RF examples, the sequence alignments overlapped the coding sequences for two protein products within the gag gene. These products are matrix (p17) and capsid (p24); both are involved in producing the virion structure (Cof n, 1999) . A priori, we assumed that different protein products may evolve under different evolutionary constraints, and we set¸D 1, the number of breaks between products. The alignment for the VI557 example consists of six protein products: matrix, capsid, nucleocapsid (p7), p1, p2, and p6. For this example, we set¸D 5. We numerically solved q (RC j w,¸) D 1=2 and obtained w D 0:307 for¸D 1 and w D 0:861 foŗ D 5. We assumed these prior pairs during posterior simulation. Figure 3 displays the phylogenetic pro le for the RW024 example. The top plot in the gure illustrates the locations of the two protein products within the gag gene that overlap the alignment. The marginal posterior probabilities of all possible parental heritages at each site along the RW024 sequence are located immediately below the map. We plotted the posterior probability of subtype A in dark gray, subtype B in medium gray, and subtype D in light gray. The remaining possibilities are summed together in dashed black. We observed a single recombination event, with an inferred parental heritage of AD. Uncertainty in parental subtype increased near the edges of the sequence. Approaching the far end of the sequence, support for subtype B increased, consistent with the close evolutionary relationship between subtypes B and D. The median of the conditional posterior distribution of the COP was at site 307 with a 95% BCI of (294, 320). Cornelissen et al. (1996) reported a COP between 279 and 320, corresponding well with the Bayesian estimates. Using the HXB2 numbering scheme, our locations are equivalent to 1165 (1152, 1178), VOL. 51 nearly overlapping the break between p17 and p24 located between sites 1185 and 1186.
The lower two plots in Figure 3 trace the marginal posterior median (solid line) and 95% BCIs (dashed lines) for the evolutionary parameters ® and ¹ at each site along the sequence. Uncertainty in ® and ¹ also increased near the edges of the sequence. Evolutionary parameters changed with the recombination, with a smaller transition:transversion bias, as measured via ®, and greater evolutionary divergence in p17 as compared to p24. Figure 4 displays the phylogenetic pro le for the RF example. The RF sequence supported subtype B heritage with close to 100% certainty across its entire length. Estimates of ® and ¹ changed between protein products, similar to the pattern observed in the RW024 example and continued to have greater uncertainty near the edges. Between sites 300 and 400, the 95% BCI for ¹ is truncated in the gure. The peak continued as high as 2.4 and may represent a short segment of highly divergent sites or may be an artifact of poor alignment in that region. Figure 5 displays the phylogenetic prole for the VI557 example. The top plot illustrates the locations of the six protein products within the gag gene that overlap this alignment. In the gure, we plotted the marginal posterior probability of subtype A in medium gray and that of subtype H in light gray. The remaining possible topologies are summed together in black. We observed a possible recombination event, with an inferred parental heritage of AH. However, the posterior support for the subtype A topology in the initial segment achieved only 60%, considerably weaker than support for recombination observed in the RW024 example. The median of the posterior for the COP was at site 136, with a 95% BCI of (95, 144) . Using the HXB2 numbering scheme, this value is 925 (884, 933) .
In three portions of the sequence, the 95% BCIs for ¹ are truncated in the gure. The rst portion corresponded well with the truncation in the RW024 sequence. The remaining two occurred in protein products p2 and p7 and may also represent segments of highly divergent sites or poor alignment in that region. The posterior mean values of ¹ in the region of p2 and p7 were substantially higher than those elsewhere. Clearly, assumption of a single value of ® or ¹ is inappropriate for these data. Imposing the wrong model of evolution for this segment may result in inaccurate inference regarding the segment's heritage (Yang, 1995a; Dorman et al., 2002) .
Bayes Factors
We calculated the Bayes factor in favor of recombination for each example. For the RW024 and VI557 examples, we kept the prior number of change points¸equal to the values assumed for the phylogenetic proles and varied the prior probability w that adjacent topologies are equal to achieve a posterior probability of recombination approximately equal to 1/2. For the RF example, we had previously xed¸D 1, but then the maximum prior odds of recombination approached e ¡ 1 as w ! 0 (Fig. 1) . Much stronger prior odds are needed to achieve a posterior probability of 50% when recombination is highly unlikely. Setting¸D 20 produced a suf cient range of odds when varying w for this example. We used (w,¸) D (1 ¡ 10 ¡19 , 1) for RW024, (0:932, 5) for VI557, and (0:368, 20) for RF. Table 1 presents the Bayes factor calculations. The rst column is the inferred heritage for each example. The next two columns are the log 10 prior odds of recombination based on the choices of w and¸and the achieved log 10 posterior odds of recombination estimated using our MCMC sampler. The middle two columns are the log 10 prior and posterior odds assuming the prior probability of recombination is 1/2, calculated using Equation (9). The nal two columns are the log 10 Bayes factors in favor of recombination and the signi cance of this Bayes factors TABLE 1. Bayes factors in favor of recombination. Prior odds (qO), posterior odds (pO), and Bayes factors are reported on the log 10 scale. Under estimation conditions, we tailored choices of w and¸to produce pO ¼ 1. Under neutral conditions, we reweighted the posterior odds, assuming qO D 1. In the nal column, we follow Kass and Raftery (1995) following the scale presented by Kass and Raftery (1995) . There was decisive evidence in favor of recombination for the RW024 sequence, decisive evidence against recombination for the RF sequence, and evidence barely worth mentioning in favor of recombination for the VI557 sequence.
Diagnostics and Sensitivity
Figure 6 displays a representative SRQ plot for our MCMC chains. The example illustrates the scaled regeneration times for the posterior simulation of the VI557 example with (w,¸) D (0:932, 5), the conditions under which we calculated the Bayes factor in favor of recombination. We superimposed in the gure a dashed line with a slope of 1. There is no large deviation from 1 in the slope, suggesting that the sampler is well mixing and the chains are amply long. Plots for the remaining two examples look similar. Suchard et al. (2002) demonstrated that posterior estimates of the number of segments K are relatively insensitive to the choice of¸using similar HIV-1 sequences. Here, we explored the sensitivity of the Bayes factor estimates for recombination to our choice of w. Inference of recombination in both the RW024 and RF examples was insensitive to speci cation of w. We focused, our attention instead on the VI557 example, where modest sensitivity could potentially alter inference. Figure 7 plots in points the posterior probability of recombination estimated from 10 independent simulations over the range w 2 (0:67, 0:995), where¸D 5. The solid line is the expected posterior probability over the same conditions for the xed log 10 Bayes factor D 0:44 (Table 1) . Assuming 0:44 is the true value, deviation of the points from this line could result from either Monte Carlo error or sensitivity to the prior. We observed only small deviations, implying that our estimated Bayes factor is not FIGURE 6. Scaled regeneration quantile (SRQ) plot to assess MCMC sampler performance when estimating the posterior probability of recombination for the VI557 example. No substantial deviation from 1 in the slope (dashed line) implies that the chain is long enough to produce stable estimates of the posterior probability of recombination. strongly sensitive. The 10 independent Bayes factor estimates range from 0.40 to 0.58.
DISCUSSION
The Bayesian multiple change-point model explored here enables simultaneous FIGURE 7. Sensitivity of Bayes factor estimate for the VI557 example to prior probability w that two adjacent segments share the same topology. The solid curve sweeps out the expected posterior probability of recombination for a given prior odds, assuming a log 10 Bayes factor of 0:44. The points are posterior probability estimates from independent simulations over a range of w. Small deviations of the points from the curve imply increased Monte Carlo error near extreme posterior probabilities and only slight sensitivity to the prior. inference of COP existence and locations and of parental subtypes from a large pool of possible choices. We inferred that recombination had occurred when there was a topology change along the sequence. Of course, recombination will lead to topology change only if the appropriate reference sequences are included in the analysis. If insuf cient or inappropriate reference sequences are included, then some recombination events may be missed. The model presented here helps to alleviate this potential problem by allowing many candidate parental subtype sequences to be included in the analysis.
We focused on inference of betweensubtype recombination among HIV-1 sequences. The method may suffer from low power when mutation rates are low or the parental representative sequences are very similar to each other (Crandall and Templeton, 1999; Posada and Crandall, 2001) . In these cases, inference of recombination may be best accomplished using a coalescence-based prior (e.g., Rodrigo and Felsenstein, 1999; Nielsen, 2000) , provided the underlying assumptions of the prior are consistent with HIV-1 evolution.
The model presented here also permits testing the signi cance of recombination events using Bayes factors. We were able to calculate Bayes factors in favor of recombination across a large range of support in the data by introducing a Markov prior on the topologies that related the possible parental representative sequences and the unknown sequence. This prior, in conjunction with the truncated Poisson prior on the number of contiguous segments within the data, allowed us to generate posterior samples under any arbitrary prior probability of recombination. Adapting an approach of Carlin and Chib (1995) , we adjusted the prior probability of recombination at appropriately chosen values for the hyperparameters to reduce the Monte Carlo error and sample length limitations in estimating the posterior probability of recombination. We then reweighted the estimated posterior probability of recombination assuming a noninformative prior probability of 1/2. We demonstrated this method using three HIV-1 sequences with varying levels of support for recombination.
A strength of the Bayesian multiple change-point model is that it allows for the simultaneous estimation of a topology ¿ and evolutionary parameters ® and ¹ within a segment. Not permitting ® and ¹ to vary along a sequence may lead to inaccurate estimation of ¿ if the evolutionary model is wrong (Yang, 1995a) in certain portions of the sequence, leading to inappropriate inference of recombination . The priors developed here enable the researcher to separately assign prior distributions on the number of changes between evolutionary parameters and on the number of expected recombination events.
We have concentrated here on inference of recombination in the possible presence of regional heterogeneity in the substitution process. Our framework allows for other inference as well. Notably, the presence of either recombination or regional heterogeneity could be tested by using a Bayes factor. This situation tests whether K > 1. The test is run by estimating the posterior odds of the relevant model from a posterior sample and then dividing this value by the prior odds. The prior probability that K > 1 equals 1 ¡ exp(¡¸) for large L . Likewise, one could test for the presence of regional heterogeneity without a topology change (¿ 1 D ¢ ¢ ¢ D ¿ K and K > 1) following a similar approach. In any of these tests, care must be taken to avoid speculation about the source of the heterogeneity. Many mechanisms including lack of selective pressure and undetected recombination could result in observed regional heterogeneity.
At present, our model assumes that the topology relating the possible parental representative sequences ¿ P is xed and constant along the entire sequence. We can incorporate uncertainty in ¿ P into the Bayes factor estimate by evoking a conditioning argument when estimating the posterior probability of recombination,
p(RC j Y, w,¸, ¿ P )q (¿ P ), (13) where F is the set of all possible N-taxon topologies and q (¿ P ) is a prior distribution on ¿ P describing its uncertainty. The distribution q (¿ P ) can be estimated using a xed dimensional MCMC sampler, such as those described by Larget and Simon (1999) or Suchard et al. (2001) , and in many cases will place substantial mass on only a few possible topologies, making the sum in Equation (13) practical. The prior probability of recombination is independent of ¿ P , so no modi cation is necessary in the denominator of the Bayes factor.
Situations in which ¿ P is not assumed constant along the entire alignment are more problematic. These situations may arise when testing for recombination across the entire HIV-1 genome, where the subtype consensus sequences themselves do not maintain a consistent topology. One approach is to allow each ¿ k to span the (2N ¡ 3)!=2 N¡2 (N ¡ 2)! possible N C 1 taxon topologies. Here, the relationship between the N parental representatives and the heritage of X are jointly inferred. Computationally, the order of the model has grown from linear in the number of possible parental representatives to superexponential.
With the number and span of parameters increasing, the development of convergence diagnostics becomes critically important to assess both convergence and the performance of new MCMC samplers. As demonstrated here, SRQ plots can provide a exible convergence diagnostic. Analyzing the SRQ plot for recombination, the marginal model indicator of interest in our application, directly reports on the con dence one may have on the estimated posterior probability for recombination. This model selection diagnostic is helpful even if, as is true here, the marginal indicator is a complicated functional of a varying dimensional model space.
